Objective: With the dramatic increase in microarray data, biclustering has become a promising tool for gene expression analysis. Biclustering has been proven to be superior over clustering in identifying multifunctional genes and searching for co-expressed genes under a few specific conditions; that is, a subgroup of all conditions. Biclustering based on a genetic algorithm (GA) has shown better performance than greedy algorithms, but the overlap state for biclusters must be treated more systematically. Results: We developed a new biclustering algorithm (binary-iterative genetic algorithm [BIGA]), based on an iterative GA, by introducing a novel, ternary-digit chromosome encoding function. BIGA searches for a set of biclusters by iterative binary divisions that allow the overlap state to be explicitly considered. In addition, the average of the Pearson's correlation coefficient was employed to measure the relationship of genes within a bicluster, instead of the mean square residual, the popular classical index. As compared to the six existing algorithms, BIGA found highly correlated biclusters, with large gene coverage and reasonable gene overlap. The gene ontology (GO) enrichment showed that most of the biclusters are significant, with at least one GO term over represented. Conclusion: BIGA is a powerful tool to analyze large amounts of gene expression data, and will facilitate the elucidation of the underlying functional mechanisms in living organisms. Keywords: biclustering, microarray data, genetic algorithm, Pearson's correlation coefficient
Background
The complete sequencing of the genomes of many organisms has led to the launch of various omics studies. In one study, the advent of deoxyribonucleic acid (DNA) microarray technology has enabled the monitoring of the expression levels of numerous genes at a time, under many different growth conditions. This technique is now widely used in diverse types of biological research, such as identifying disease markers, reconstructing cellular signaling pathways, and inferring gene regulatory networks. DNA microarray technology has also provided numerous biological insights. [1] [2] [3] Data generated from even a few array measurements are quite complex, and the amounts of microarray data available in public databases are dramatically increasing, due to the efficiency and rapid improvement of DNA microarray technologies. As a result, the interpretation of DNA microarray data obtained under a large number of conditions has become a challenging problem.
In the analyses of a large dataset, as the first step, researchers usually search for similar patterns appearing within the data. In the case of DNA microarray data, similar patterns of gene expression data are often investigated by using cluster analyses, such as K-means clustering 4 and hierarchical clustering. 5 Although clustering can provide considerable biological information, conventional clustering algorithms may not be suitable for some analyses of microarray data for the following two reasons. Firstly, there are many genes that encode proteins involved in several functional activities at a time, but the conventional clustering methods cannot identify these genes, because they only allow a gene to belong to one cluster at a time, instead of multiple clusters. Secondly, it is difficult to find the genes that are co-expressed under a few specific conditions but are differently expressed under other conditions because the similarity of the genes in conventional clustering is determined by the entire expression data. 6, 7 In terms of the above shortcomings, biclustering is more effective than conventional clustering, since it can cluster both genes and conditions simultaneously, and a gene (or a condition) can be involved in multiple clusters at a time. 7 The concept of biclustering was first proposed by Hartigan, 8 and Cheng and Church 9 applied it to search for the most homogeneously expressed genes over certain sets of conditions by using greedy search algorithms. 9 Most biclustering algorithms have been implemented with greedy search algorithms, 1, 10, 11 to reduce the calculation costs. One such bicluster, a maximum bicluster, is known as a nondeterministic polynomial time (NP)-complete problem that can possibly be solved in polynomial time using a nondeterministic Turing machine, 12 and a greedy search algorithm is required for actual applications to provide efficient approximations. Usually, one greedy search results in one bicluster, and the greedy search approach is repeatedly applied to the data, while preventing the reproduction of similar biclusters. The greedy search then tries to obtain a set of various biclusters as the final output.
Biclustering has also been implemented by using a genetic algorithm (GA) to find a practical solution to balance bicluster quality and calculation cost. A GA emulates an evolutionary processes to obtain nearly optimal solutions. 13 Initially, a set of candidate solutions is prepared; each solution being called a chromosome. The chromosomes evolve by exchanging their parts and changing some elements into a different state, and elite chromosomes are selected to survive as the parents of the next generation. This evolution and selection process is repeated over a number of generations to yield an optimal solution. 13 Bleuler et al 14 first applied GA to biclustering, whereby a binary string (representing a gene or a condition belonging to a bicluster, or not) was employed as a representation of chromosomes. To avoid any redundancy of the resulting biclusters, Bleuler et al introduced a special selection operator called environment selection. Chakraborty and Maka 15 have generated a similar GA-based biclustering, but different in terms of chromosome initialization. Initial chromosomes are prepared by K-means clustering. These methods find an optimum set of biclusters from one GA search. For such methods, it would be difficult to obtain a set of various, nonredundant biclusters, because only better chromosomes can survive by the selection process of GA, and thus the resulting biclusters tend to converge into similar results in the later generations. 14, 15 Another type of GA-based biclustering, Sequential Evolutionary Biclustering (SEBI), has a distinct strategy. SEBI initially applies GA to select the optimal bicluster, and then this process is repeated so that the genes and the conditions in the biclusters already selected are less likely to be selected again. In other words, although SEBI would generate a set of diverse biclusters, it de-empathizes the overlap of biclusters, a significant feature of biclustering. 16 In the present study, we propose BIGA as the basis of a novel biclustering approach. In BIGA, an attempt is made to progressively divide the large amounts of input data into small datasets, by iteratively using GA, such as SEBI. Instead of evaluating a set of biclusters, GA is applied to each division process. Therefore, the resulting biclusters are substantially diverse. In addition, BIGA introduces the overlap state explicitly defined in the ternary digit (or trit) encoding chromosome. In this study, the algorithm is described, the performance of BIGA is compared with those of six existing biclustering algorithms, and the biological relevance of BIGA is evaluated by using gene ontology (GO) enrichment analyses. Finally, we conclude that BIGA is a powerful and practical solution for biclustering with highdimensional data.
Material and methods

Definition of biclusters
BIGA accepts a set of gene expression data with the matrix form D = (G, C), including N rows of genes G = {g 1 , g 2 , …, g N } and M columns of conditions or samples C = {c 1 , c 2 , …, c M }, where N and M are the total numbers of genes and conditions, respectively. All genes will be clustered into K overlapping biclusters B = {B 1 , B 2 , …, B K }, and each bicluster (B i ) corresponds to a submatrix B i = (X, Y) of D, where X ⊆ G and Y ⊆ C. The sizes of X and Y, ie, the numbers of genes and the conditions of a bicluster, are denoted by n and m, in which n # N and m # M, respectively.
Binary-iterative genetic algorithm
In order to decompose D into B systematically, a binary tree was introduced. Generally, a binary tree comprises nodes submit your manuscript | www.dovepress.com
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and directed edges, in which each node can be extended to at most two child nodes. 17 In this work, we regarded each bicluster and each edge as a node and a parent-child relationship between a bicluster pair, respectively. We designated the method as BIGA.
BIGA consists of the following three steps. A schematic diagram of BIGA is shown in (Figure 1 ).
Step 1: A division of microarray data is represented by a string, a sequence of trit (0, 1, 2) with the length of n (number of genes in the parent bicluster) +m (number of conditions in the parent bicluster). The trit 0, 1, and 2 means that an associated gene or condition is contained in either of two biclusters, b left or b right , or both, respectively. This means that one string can encode the division of one bicluster into two biclusters, while allowing overlap. An example of this encoding is shown in (Figure 1A) . The "|" symbol serves as a spacer of the genes and conditions for clarity. The string is equivalent to the division illustrated by the matrix (microarray data, or a bicluster) in the middle of ( Figure 1A ). In the matrix, the rows and the columns correspond to the genes and the conditions, respectively. The cell of the matrix belongs to either b left (blue cell), b right (red), or both (violet), under the decoding rule shown in ( Figure 1B) . The white cells are ignored because they are not coexpressed with color cells. Consequently, the bicluster shown in the middle of ( Figure 1A ) represents the division into two biclusters on the right of ( Figure 1A ).
Step 2: To search for the best chromosome (the best trit string) representing the optimal division of a bicluster, GA is performed (rectangles in Figure 1C ). In the GA procedure, a mutation and a crossover are introduced into each chromosome. Each number on a chromosome is altered to 0, 1, or 2, for the mutation; whereas two chromosomes exchange corresponding parts with each other in the crossover. Chromosomes with higher fitness scores (described in the following section) survive in the next generation, and all other chromosomes are discarded. GA was implemented via Java Genetic Algorithm Product, 18 with a mutation rate of 0.01 and a crossover rate of 0.5. Finally, the best chromosome after 100 generations of GA (the underlined string in the rectangle) is selected, based on the fitness score (see the next section). The best chromosome is then decoded into two biclusters (b left and b right ). We decide whether to continue with further decompositions after the evaluation of the biclusters, as follows.
Step 3: Evaluation of biclusters. For each child bicluster, the numbers of genes and conditions, the average Pearson's correlation coeff icient (PCC), and the parent-child 
redundancy are examined to decide whether we should quit or continue the decomposition. Subsequently, the bicluster is either accepted as an element of the final biclusters, B, or discarded. We calculate the PCC of every gene pair in a bicluster, and average them (the average PCC). The parent-child redundancy is defined as the ratio of the number of genes of the child bicluster (n′) to that of the parent bicluster (n). Therefore, a small parent-child redundancy indicates that the child bicluster contains a smaller number of genes than the parent, and a large parent-child redundancy means that the number of genes in the child bicluster is almost the same as that of the parent. The average PCC and the parent-child redundancy are abbreviated as C and R, respectively. The decision process is illustrated in (Figure 1D ). Briefly, the process employs four rules: (I) we quit the decomposition and accept the bicluster if C is higher than the threshold τ c . (II) we quit the decomposition and discard the bicluster if the bicluster is "small," which is judged by the thresholds τ n and τ m for n′ and m′, respectively.
(III) we also quit the decomposition and discard the bicluster if the redundancy, R, is small (R , τ r ) or large (R . 1 -τ r ).
The latter rule was employed to reduce the calculation cost, because a child bicluster that is similar to its parent bicluster and has a low C is not considered to produce promising results. Using the forth rule: (IV) we continue the decomposition. Four thresholds, τ n , τ m , τ c , and τ r , were empirically determined as 30, 10, 0.65, and 0.15, respectively (see Table S1 ). The Greek symbols in ( Figure 1D ) indicate the rule applied in each decision. In ( Figure 1C ), the accepted and discarded biclusters are marked by + and -symbols. The bicluster to be decomposed is marked by a * symbol. Figure 1C indicates that four biclusters are accepted.
Fitness function
In general, large biclusters including co-expressed genes across many specific conditions are preferable. The average PCC of a bicluster was employed to evaluate the gene coexpression. Furthermore, the relative area A of the bicluster, defined by (n′/n) α (m′/m) β , using the gene and condition numbers of the parent and child biclusters was used to evaluate the size of a bicluster. Two parameters were introduced for gene-weight (α) and condition-weight (β), to control the balance between the number of genes and that of the conditions (0 , α, β , 1) in a relative area, A. The fitness function of a chromosome was defined as follows (Equation 1):
where c, b i (i = left or right), A(b), and C(b) denote a chromosome, one of the child biclusters, the relative area of child bicluster b, and the average PCC of child bicluster b, respectively. The balance between α and β was important in order to select biologically meaningful biclusters when using f(c). Since a high average PCC for a large number of genes was obtained rather easily when only a small number of conditions were considered, a certain number of conditions should be required for each bicluster, to ensure the biological significance. The variation of α and β was empirically estimated, and finally 0.3 and 0.5 were chosen, respectively (see the results in Table S1 ).
Assessment procedure
Six existing methods were compared to evaluate the performance of BIGA: Cheng and Church algorithm, 9 StatisticalAlgorithmic Method for Bicluster Analysis (SAMBA), 19, 20 order-preserving submatrix (OPSM), 1 iterative signature algorithm (ISA), 11 binary inclusion-maximal biclustering algorithm (BIMAX), 21 and SEBI. 16 SEBI is selected as a representative of the GA-based biclustering approaches, 15, 16 because SEBI adopts an outstanding system to reduce the redundancy of biclusters and performs iterative evolutionary searches like BIGA. The five other methods are based on greedy searches. Data provided by Gasch et al 22 was used for the analyses of Saccharomyces cerevisiae. The analyses contained 2993 genes and 173 stress conditions, as a result the data size was large and abundant annotations were available. Prelic et al 21 used this dataset to evaluate algorithms, and the resultant sets of biclusters for the five greedy-search algorithms are publicly available. These bicluster sets were obtained for comparison with our results. Neither the results of SEBI for the data nor SEBI itself is publicly available. The framework of SEBI was re-implemented in a second experiment. 16 Note that there might be some minor differences between SEBI and the reimplemented SEBI. Henceforth, we denote mySEBI as our implementation.
The sets of biclusters were evaluated in terms of the following four points. Since PCC is a widely used parameter to assess the similarity of expression patterns, the distribution of the average PCC of all biclusters was examined. One may consider the mean square residual (MSR) of biclusters 9 to be useful as an indicator of the coherence of biclusters, but PCC is better than MSR in terms of finding the functional relevance of genes, [23] [24] [25] [26] in much biological data, for example, the involvement of the same pathway or the participation in the same protein complex. 27, 28 The existing methods do not submit your manuscript | www.dovepress.com
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necessarily optimize the correlation of biclusters, and some biclusters derived from other algorithms can contain biclusters showing strong anti-correlation (ie, genes expressed inversely). The absolute value of PCC was used to estimate such biclusters for comparisons. Coverage and overlap are also important measures to evaluate the biclustering, as higher coverage and lower overlap are preferable for further biological analyses. Previous studies 29 used "cell coverage," by calculating the percentages of area (genes × conditions) covered by the biclusters, and "cell overlap" by measuring the intersection areas of the biclusters. In this study, "gene coverage" and "gene overlap," were adopted because higher cell coverage can be achieved even by a high coverage of conditions and a low coverage of genes, and this result is not biologically significant. In addition, cell overlap ignores the overlap of genes shared in any two biclusters, if the conditions in the biclusters are completely different. Gene coverage is defined as the ratio of genes that are assigned to any biclusters to all genes, and gene overlap is the ratio of total genes overlapping on multiple biclusters to the genes assigned to any biclusters (Equation 2):
Gene coverage can evaluate the ability of an algorithm to decide the cluster for each gene, and gene overlap can measure the ability of an algorithm to specify the clusters for genes that are not necessarily involved in multiple biological processes.
The biological significance of the results by measuring the GO enrichment was also evaluated. More precisely, FuncAssociate (2.0; Roth Laboratories, Harvard University, Boston, MA), a tool for finding overrepresented GO terms in a set of genes was utilised. Using this tool, we performed Fisher's exact test to determine the probability of the appearance of genes associated with a GO term in each bicluster. 30 FuncAssociate calculates an adjusted P-value (Padj) from the simulations, instead of the corrections of multiple tests. Padj is the probability of obtaining at least one false positive for any desired cutoff. We considered a biologically significant bicluster as one that is relevant to at least one GO term with a statistically significant appearance (namely, Padj less than significance level). The number of such biclusters, relative to the total number of biclusters (the GO enrichment), was used to estimate each algorithm. A previous study by Prelic et al 21 evaluated the biological relevance of existing algorithms, using the GO enrichment.
Results and discussion
Biclusters for the Saccharomyces cerevisiae microarray data
With the selected parameters and thresholds, BIGA found 164 biclusters from the S. cerevisiae microarray data. The average numbers of genes and conditions in the biclusters are 92.25 and 23.65, respectively ( Table 1 ). The detailed statistics of each bicluster are provided in Table S2 . The properties of the biclusters obtained by other methods are also summarized in Table 1 .
Performance evaluation
The distribution of the average PCCs of the biclusters obtained by each biclustering algorithm is shown in the boxplot (Figure 2A ). The thick line around the middle of the box indicates the median of the average PCCs. The top and bottom of the box indicate the upper and the lower quartiles, respectively. The circles show the outliers (more than 1.5 times the upper quartile or less than 1.5 times the lower quartile from the median). The whiskers mean the range of data between the maximum and the minimum values, other than the outliers. According to the plots, OPSM performs the best with a very small deviation in the average PCCs. Apart from OPSM, BIGA can outperform the other methods when compared by the median of the average PCC. One may consider that the fitness function of BIGA takes the average PCC into account (Equation 1), and thus it is obvious that the average PCC of BIGA is good. However, note that the results are not necessarily satisfactory if the optimization procedure does not work well, or the balance between the average PCC and the area of the bicluster in (Equation 1 ) is inappropriate. Next, using the the Wilcoxon signed-rank test the study examined whether the distribution of the average PCCs of BIGA is significantly better than those of the other algorithms. 31 The results showed that BIGA detects significantly more co-expressed genes in biclusters than the other methods, except for OPSM (the highest P-value is only 5.4 × 10 -6 against SAMBA). To clarify the performance, the expression profiles of the four best biclusters with higher average PCCs are demonstrated in Figure S1 . Note: the reason for the highest performance of OPSM was related to the gene coverage and these analyses will be discussed later.
The gene coverage and the gene overlap are shown in (Figure 2B and 2C algorithms ( Figure 2B ). SAMBA could classify almost 100% of the genes into biclusters, but each bicluster contained more than 900 genes (Table 1) with extremely high overlap ( Figure 2C ), which will make the succeeding experimental or bioinformatics analyses difficult. mySEBI could produce a set of biclusters that would include 95% of all genes with a small amount of overlap. CC showed the best gene coverage (highest) and overlap (lowest). The results indicate that the techniques to reduce redundancy of biclusters in SEBI and CC are efficient for gaining high coverage and low overlap. However, the average PCCs of the biclusters by both algorithms were very low ( Figure 2A ). OPSM produced biclusters with the highest correlation (Figure 2A ), but failed to achieve higher gene coverage due to the small number of clusters ( Table 1 ). The average PCCs of OPSM and BIGA are high, because both methods adopt gene co-expression in the target function. By contrast, CC and SEBI adopt MSR instead of PCC. Although MSR can sometimes identify coherent biclusters, it is not necessarily efficient to achieve higher correlations of genes. BIGA yielded the second-largest gene overlap, with 6.29 ( Figure 2C ), which may imply that the biclusters of BIGA are mutually similar. The pairwise overlap (PO) of two biclusters defined by X i ∩ X j /X i ∪ X j , where X i and X j are genes in biclusters B i and B j , respectively, was measured to examine the similarity of the biclusters more directly, and plotted in Figure 3A . The median of the POs for BIGA was not very large, as compared with those of the other methods, indicating that the biclusters determined by BIGA are not necessarily similar. Moreover, the variety of biclusters using the single-linkage clustering method, where the distance between two biclusters defined by 1.0-PO was investigated. At each cut-off distance, the number of clusters was counted and normalized by the total number of biclusters, which we call the fraction of independent biclusters. When the cut-off distance is sufficiently small, no biclusters are merged and FIB is 1.0. This state indicates that the biclusters are independent and diverse. On the other hand, when the cut-off distance is sufficiently large, most of the biclusters may be merged together, and FIB will converge to 0.0. This state means that all of the biclusters are judged as being similar to each other. We consider a higher FIB to be an indicator illustrating the variety of the resultant biclusters. According to the plot ( Figure 3B ), the FIBs of SAMBA and ISA are obviously low in almost the whole cut-off distance range, showing that their biclusters are rather similar. The FIBs of OPSM show that its ability to detect diverse biclusters is moderate. CC, mySEBI, BIMAX, and BIGA provided a wider variety of biclusters than the other algorithms, when the cut-off distance was less than 0.5. In summary, the average bicluster determined by BIGA contains many genes that are shared with other biclusters ( Figure 2C ): however, when focusing on each pair of biclusters, a small number of genes are shared ( Figure 3A) . Consequently, the biclusters determined by BIGA seem to be independent ( Figure 3B ), and cover most of the genes efficiently ( Figure 2B ).
Evaluation of biological relevance by gene ontology enrichment analyses
In the study by Prelic et al 21 on the evaluation of existing methods using GO enrichment, OPSM showed the best performance (100% of the biclusters were significant at the 0.05 significance level). However, it only produced twelve biclusters (Table 1) , and thus the gene coverage was the lowest (Figure 2B ). Less than half of the biclusters produced by CC were judged to be significant, 21 probably because CC cannot detect biclusters with a higher average PCC (Figure 2A ). The percentages of significant biclusters from mySEBI are 93%, 81%, 69%, and 42% for the 0.05, 0.01, 0.005, and 0.001, respectively. By contrast, 94.5% of the biclusters produced by BIGA were judged to be significant at the 0.05 significance level. This value was changed to 88.4%, 86.0%, and 79.3% for the 0.01, 0.005, and 0.001 significance levels, respectively. The performance of BIGA is almost the same as those of BIMAX and ISA in GO enrichment, 21 but BIGA outperforms them in the gene coverage ( Figure 2B ).
There was a functional relationship between the resultant biclusters by BIGA, based on the enriched GO terms at the 0.001 significance level. Among the 122 GO-enriched terms, ribosome-related terms (ribosome GO:0005840, ribosomal subunit GO:0033279, etc) are abundant in many biclusters (50 biclusters). This observation was consistent with the fact that 60% of transcription was devoted to ribosomal ribonucleic acid (RNA), 32 because genes with higher expression levels tend to be clustered. Apart from the ribosomerelated terms, primary metabolic (GO:0044238), translation (GO:0006412), protein-related (GO:0044267, GO:0019538), macromolecule-related (GO:0009059, GO:0034645, GO:0044260, GO:0043170), and biopolymer-related (GO:0043283, GO:0034960, GO:0043284, GO:0034961) processes also frequently appeared in several biclusters. This indicated that the genes involved in these terms are primary or essential in many biological processes. Five GO terms that are most enriched at the 0.001 significance level for each bicluster five specific GO terms among them are shown in Table S2 .
Furthermore, the novel aspects of the biclusters identified by BIGA were examined. For each bicluster defined by BIGA, the PO against all biclusters identified by the other five methods was measured and the maximum PO was derived (Table S2 ). The highest value of the maximum POs was at most 0.12, indicating that the biclusters defined by BIGA are quite different from those determined by the other methods. To explore the relationships of the genes that were detected submit your manuscript | www.dovepress.com
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only by BIGA, on the study examined the biclusters of BIGA that were not similar to any of the other biclusters; that is, the biclusters with maximum pair-wise similarity scores , 0.05. In bicluster 109 (the maximum PO = 0.039 with bicluster 29 of CC), 16 out of 86 genes are involved in a cellular nitrogen metabolic process (GO:0034641), eg, SAS3 (YBL052C), TEF2 (YBR118W), and SWD3 (YBR175W), are co-expressed under twelve conditions. In bicluster 118 (0.037 with bicluster 56 of CC), 26 out of 66 genes, eg, RRN6 (YBL014C), ORC2 (YBR060C), and PAF1 (YBR279W), are involved in an RNA metabolic process (GO:0016070). In bicluster 160 (0.037, bicluster 24 of ISA), 33 out of 74 genes, such as HEK2 (YBL032W), ROX3 (YBL093C), and SIF2 (YBR103W), are related to a nucleic acid metabolic process (GO:0090304). These results demonstrate that BIGA is useful to reveal the functional relevance underlying the biclusters. Furthermore, some genes belonged to the same bicluster, even though they lacked known co-functional evidence (see the biclusters in Table S2 without significant GO terms). These genes represent promising experimental targets that bridge biological processes exhibiting co-expression under specific conditions.
Conclusion
The development of biclustering algorithms has allowed biologists to start unraveling the underlying functional mechanisms in living organisms. We propose BIGA as an alternative biclustering technique, since it was designed to address the conventional problems of the pre-existing methods. Biclustering is obviously advantageous in accounting for the overlap state among clusters, but the suitable amount of overlap is still ambiguous and different algorithms often produce solutions with various degrees of overlap. We tried to develop a novel chromosome-encoding mode that explicitly defines the overlap between biclusters. BIGA revealed that the most frequently appearing genes express their functions in fundamental and essential biological processes, such as translation. A microarray often consists of relatively few conditions, with respect to a large number of genes. The weighting of genes and conditions diminishes the bias between the number of genes and conditions, which helps to eliminate unreliable results, such as biclusters with very few conditions. We also applied an alternative index, the average PCC, which impacts the biological meaning, rather than the MSR, to measure the goodness of a bicluster. The analysis of GO enrichment demonstrated that most of our biclusters were significant, with one or more enriched GO terms. When evaluated with the five pre-existing algorithms, BIGA performed well in most of the properties with good balance, although it did not show the best performance for all criteria. A pair-wise comparison of our biclusters with those obtained by the other algorithms revealed the novel aspects of the biclusters that are distinct from those of the other methods. Since biological systems are quite complicated, resulting in high-dimensional data, it is quite difficult to answer all biological questions with a single approach. For new discoveries, we recommend the application of several approaches, including BIGA. 
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